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Abstract
The number of fluorescent labels that can unambiguously be distinguished in a single
image when acquired through band pass filters is severely limited by the spectral overlap of
available fluorophores. The recent development of spectral microscopy and the application
of linear unmixing algorithms to spectrally recorded image data have allowed simultaneous
imaging of fluorophores with highly overlapping spectra. However, the number of distin-
guishable fluorophores is still limited by the unavoidable decrease in signal to noise ratio
when fluorescence signals are fractionated over multiple wavelength bins. Here we present
a spectral image analysis algorithm to greatly expand the number of distinguishable objects
labeled with binary combinations of fluorophores. Our algorithm utilizes a priori knowledge
about labeled specimens and imposes a binary label constraint on the unmixing solution.
We have applied our labeling and analysis strategy to identify microbes labeled by fluores-
cence in situ hybridization and here demonstrate the ability to distinguish 120 differently
labeled microbes in a single image.
Introduction
Many biological structures are made up of numerous discrete substructures, from the many
different species of microbes that comprise biofilms to the multiple organelles and macromo-
lecular assemblies that make up the eukaryotic cell [1–3]. Molecular based approaches such as
genomic sequencing, mRNA expression profiling, and proteomic analyses provide exhaustive
information on the components of complex biological systems from which meaningful biolog-
ical relationships can be inferred [4]. However, deciphering interrelationships is limited in
part because these molecular based approaches give very little information on the spatial
arrangement of the system components on the scale at which these structures are known to
interact.
Fluorescence imaging has proven to be an exquisitely sensitive method for analyzing the
spatial structure of biological organization on scales from tens of nanometers to hundreds of
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microns. However, with few notable exceptions [5–8] a general method of systems-level fluo-
rescence imaging has not been achieved. In principle, many different kinds of individual sub-
structures, be they molecular complexes, organelles or microbial cells, could be labeled with
unique fluorescent reporters, as the number of small organic fluors and fluorescent proteins is
already substantial and ever increasing [9,10]. Such information would be highly beneficial in
deconstructing and understanding organization at many levels within biological systems. How-
ever, in practice, the number of different moieties distinguishable in a single image by fluores-
cence microscopy is severely limited by the spectral overlap of their fluorophore labels when
imaged through bandpass filters [11].
One method that has been used previously to increase the number of distinguishable objects
in fluorescence imaging is combinatorial labeling wherein biological targets are labeled with
specific combinations of fluorophore reporters. This approach has been used to successfully
distinguish multiple different axonal processes in transgenic mice expressing stochastic combi-
nations of three fluorescent proteins as well as to distinguish up to 32 different mRNA tran-
scripts in yeast [3,5,8]. Both approaches use a priori information about the spatial structure of
the labeled specimens, either that individual cells expressing specific combinations of fluores-
cent labels cannot co-localize in space or that the spacing of the fluorophore labels on an
approximately linear mRNAmolecule is known.
A second approach that has been used to distinguish multiple fluorescently labeled objects
in biological images is spectral imaging and subsequent linear unmixing of spectrally recorded
data. This approach has been used to distinguish multiple markers in cells [12]. With spectral
imaging and linear unmixing there is no requirement that fluorescent labels be segmented in
space as the unmixing algorithm finds the best linear fit of any combination of fluorescent
spectra at every pixel in an image.
Spectral imaging coupled with linear unmixing overcomes the limitations imposed by spec-
tral overlap and bandpass filters [13,14]. However, the linear unmixing algorithm has itself a
fundamental limit to the number of labels it can distinguish. Because the algorithm assigns
fluorophore identity to measured light intensity by solving a set of linear equations, the maxi-
mum number of different labels that can be unambiguously identified in an image is limited by
the number of spectral channels used to record the digital image. Further, the confidence in
label assignment relies heavily on the signal to noise ratio (SNR) in the recorded data. Since the
SNR directly depends on the number of photons recorded in any particular channel, the spec-
tral width of recording channels must be sufficiently high to achieve good SNR, resulting in the
typical use of small numbers of spectral channels.
Previously we developed a biological labeling, image acquisition and image analysis tech-
nique that combined both combinatorial labeling and spectral imaging to allow us to distin-
guish 28 different kinds of objects in a single fluorescence image [15]. Each different kind of
object is labeled with a specific combination of fluorophores, giving each object a spectral sig-
nature. Here, we couple this technique with an unmixing algorithm that uses information
about how the spectral images were acquired and a priori knowledge about how the specimens
were labeled to greatly increase the number of distinguishable objects.
We record emission spectra at multiple excitation wavelengths and concatenate the spec-
trally recorded data, effectively using both excitation and emission spectral information in the
unmixing problem. This increases the number of observations in the linear system and there-
fore the number of unique solutions for identifying individual fluorophores. The key feature of
our algorithm is the use of a priori knowledge that is generated by labeling each organism with
exactly two fluorophores. This knowledge allows us to more robustly solve the unmixing prob-
lem and greatly expand the number of identifiable fluorophores.
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Materials and Methods
Cells and FISH
Escherichia coli K12 (ATCC 10798) cells were grown to an OD600 of 1 in Luria Bertani (LB)
broth (Beckton Dickinson, Franklin Lakes, NJ, USA) then harvested. Cells were fixed by incu-
bation in 2% paraformaldehyde at room temperature for 1.5 hours. FISH was performed in
Eppendorf tubes using a protocol modified from Pernthaler, et al. Cells were labeled with the
EUB-338 probe (5’-GCT GCC TCC CGT AGG AGT-3’), which targets a highly conserved
region of the 16S rRNA [16]. Separate aliquots of cells were prepared in microcentrifuge tubes
and suspended in FISH hybridization buffer. To each of the tubes, either a single or a binary
combination of fluorophore-labeled probes were added to give a final probe concentration of
2 μM. After hybridization, cells were washed in wash 1 buffer (0.9M NaCl, 0.02 M Tris (pH
7.5), 0.01% SDS, 20% formamide) for 15 min at 48°C and then in wash 2 buffer (0.9M NaCL,
0.02 M Tris (pH 7.5), 0.01% SDS) for 15 min at 45°C. Cells were pelleted then resuspended in
0.025 M NaCl + 0.02 M Tris (pH 7.5). Five to 125 microliters of each of the cell suspensions
from each tube was pipetted into a single tube to give a mixture which then was spotted on an
Ultrastick slide (Thermofisher). The slide was placed in a humid chamber for 60 min at room
temperature to allow cells to settle and then was rinsed very briefly in ice cold ethyl alcohol and
allowed to air dry. The dried specimens were mounted in Vectashield antifade solution (Vector
Laboratories).
Image acquisition
Spectral images were acquired with either a Nikon A1 (Nikon Instruments, Melville, NY, USA)
or a Zeiss 710 (Carl Zeiss, Inc., Thornwood, NY, USA) laser scanning confocal microscope
each equipped with a 32-channel multianode spectral detector and six laser lines. Images of
singly labeled cells were acquired with a 63x/1.4 NA objective lens and images of binary-labeled
cells were acquired with a 20x/0.8 NA objective lens. Spectral images were acquired with either
5 nm (Nikon) or 9.7 nm (Zeiss) channel widths, meaning that each of the available 32 anodes
on the spectral detector collected light over a 5 or 9.7 nm bandwidth of the visible and near
infrared spectrum. Sequential spectral image acquisitions were made in order of descending
wavelength of the excitation laser light: 633 nm, 594 nm, 561 nm, 514 nm, 488 nm, and 405
nm. A total of 115 separate excitation/emission combinations were acquired for each field of
view. Spectral images were imported as TIFF files intoMathematica (Wolfram Research, Inc.,
Champaign, IL, USA) for unmixing.
Linear Unmixing
A custom linear unmixing algorithm was written on the Mathematica platform v8. Images
were imported into Mathematica as TIFF files. For every pixel or segmented object in an
image, unconstrained linear unmixing was first performed using the Mathematica function
LeastSquares[], solving for the abundance of all fluorophores. The solution to the least-squares
problem was then evaluated. If all fluorophore abundances were positive, the result was
accepted. If any of the fluorophore abundances were negative, the result was rejected and a con-
strained linear unmixing operation was performed using the Mathematica function FindMini-
mum[], with Method set to "Quadratic Programming." The FindMinimum[] approach to
solving the least squares problem invokes a non-negativity constraint since it is not physically
possible for a fluorophore to have a negative abundance. However, this iterative nonlinear
method is computationally intensive and slow. Therefore the unconstrained LeastSquares[]
function was applied at every pixel first.
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Description of the algorithm
Linear unmixing algorithms as implemented for multispectral fluorescence microscope data
involve solving a system of linear equations with the general form:
y1
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For ease of presentation in a text block, Eq 1 may be rewritten as:
y ¼ F  x ð2Þ
where y is a column vector of observed ﬂuorescence intensities inm number of different spec-
tral channels, F is anm × nmatrix of known ﬂuorescence spectra consisting of them spectral
channels for each of the n number of ﬂuorophores used in an experiment, and x is the com-
puted abundance of each of the n ﬂuorophores [17]. A least squares method to minimize the
residuals is generally performed to solve for x. In practice, common constraints such as non-
negativity and abundance sum-to-one requirements are imposed. Our image analysis pipeline,
which is designed to greatly expand the number of distinguishable entities, institutes three
operations different from this standard approach: concatenation of multiple excitation images,
averaging of pixel intensities over all pixels in a segmented object in the raw spectral image
before unmixing, and a binary label constraint on the least squares solution for x.
Concatenation
In addition to emission spectra with characteristic shapes plotted as emitted intensity against
wavelength, fluorophores also have unique excitation spectra, which are just as characteristic
for their identification (Fig 1). Our algorithm combines the data from several separate spectral
images of the same field of view with each image acquired using excitation light of a different
wavelength. With multiple separate excitations, we have a system of linear equations for each
excitation, which can be considered together as a single linear system.
Although the shape of emission spectra is generally unaffected by excitation wavelength, the
emission intensity of a fluorophore is partly a function of the cross sectional area of the excita-
tion wavelength band and the fluorophore emission curve. In practice, when fluorophores are
excited with different wavelengths of light, their emission spectral curves are nearly identical for
each excitation wavelength, but their emitted intensities differ. By treating the data frommulti-
ple excitations as one system, we effectively use the information available from both excitation
and emission spectra in assigning fluorophore abundances at each pixel in a spectral image.
A spectral image is recorded inm number of channels where each channel records emission
over a certain wavelength range. We typically display the spectrum recorded at any pixel in the
image as a plot of intensity vs. wavelength as in Fig 1. However, with p excitations, we havem ×
p different channels of recorded spectral data, each channel captures a specific emission wave-
length band when the sample was excited with light of a particular wavelength. Thus we now
have two independent variables: wavelength of excitation and wavelength of emission, along
with one dependent variable: intensity. To represent this multidimensional data graphically, we
forgo a typical plot of intensity vs. wavelength and rather display the reference spectra as a table
since the unmixing operation requires as input the known reference spectra in the form of a
mathematical matrix (Fig 2). In this graphic, for each fluorophore the intensity at every emission
wavelength band for the shortest wavelength excitation, 405 nm, is plotted at the top of the
Multiplexed Spectral Imaging of 120 Different Fluorescent Labels
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matrix. Then, added end-to-end is the fluorophore intensity at every emission wavelength for
the next longer wavelength excitation, 488 nm. Each successively longer wavelength excitation
data set is thus combined end-to-end, or concatenated, to the previous data set, giving a final
spectrum that hasm × p data points. After concatenation, each reference spectrum is normal-
ized to its peak intensity such that the signal in the overall highest intensity excitation / emission
channel is considered unit intensity and all other channels are some fraction of this unit.
Once the excitation / emission reference spectra matrix was assembled, we used this matrix
to unmix concatenated spectral images of a mixture of 16 differently labeled E. coli. Images were
Fig 1. Excitation and emission spectra of 16 commercially available fluorophores. Both excitation (A)
and emission (B) spectra of organic fluorophores have characteristic shapes.
doi:10.1371/journal.pone.0158495.g001
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Fig 2. Concatenation of fluorophore emission spectra recorded with multiple excitation wavelengths.
Graphic representation of the m × n matrix of fluorophore emission spectra. Each column represents the
spectrum of one fluorophore and each row represents the normalized intensities of the fluorophores at a
particular excitation / emission wavelength combination. Shade in the boxes of the matrix represents
normalized intensity from zero (black) to 1 (white). Intensity values in each column of the matrix were
normalized to the maximum value for each fluorophore. The resulting excitation/emission pattern is specific to
Multiplexed Spectral Imaging of 120 Different Fluorescent Labels
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imported intoMathematica for concatenation and unmixing. The unmixing algorithm converts
the 115-channel spectral image into a 16-channel image in which the intensity at each pixel in
every channel represents the abundance of each of the 16 fluorophores used in the experiment.
Averaging
In order to assign each segmented object its fluorophore identity, the intensity values for every
pixel that make up each object may be averaged. This process of averaging pixel intensities may
be performed after the images have been unmixed, in which case an average value for all fluoro-
phores used in the experiment would be obtained and the channels with the highest average
fluorophore abundance at each object would identify that object's fluorophore composition.
Alternatively, the spectrally-recorded image may be segmented and the pixel values may be
averaged in the raw spectral image, before unmixing. One advantage to the second approach
comes in the form of computational efficiency. In an image of fluorescently labeled bacteria,
there may be as few as 100 objects, yet the image might consist of 1024 x 1024 = 1,048,576 pix-
els. Solving the linear unmixing problem for every cell in the image, rather than every pixel
would result in an approximately 10,000-fold savings in computational resource. Furthermore,
averaging pixel intensities over all pixels in a segmented feature effectively reduces noise in the
recorded spectrum, resulting in more accurate fluorophore assignment after linear unmixing.
For segmenting raw spectral images, an algorithmic, histogram-based method was used to
determine a threshold intensity. 59 high signal-to-noise spectral channels that spanned the
data set were used for thresholding. No pixels were excluded before averaging.
Binary label constraint
A priori knowledge can enhance spectral analysis. If it is known that every object in an image is
labeled with, for example, exactly two fluorophores, we reasoned that a more accurate descrip-
tion of the image would come from an unmixing algorithm that finds the best fit of exactly two
fluorophores to each individual object, rather than all of the fluorophores that might be present
somewhere in the image.
This binary label constraint can no longer be realized within a linear unmixing framework,
but is implemented as follows. From the entire repertoire of fluorophores used in an experi-
ment, for example the 16 fluorophores plotted in Fig 1, and which compose the matrix F in Eq
1, all the possible subsets of two fluorophores are identified, giving, in this case, 120 binary sub-
sets. These 120 binary fluorophore subsets represent all the possible label types that would be
present in an image of labeled microbes if all the possible binary combinations of 16 fluoro-
phores were used to label the cells. Eq 1 is then rewritten as:
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where [fi, fj]  F
the combination of excitation wavelengths and excitation energy. In order for this matrix to correctly represent
the fluorophore spectra in labeled specimens, the samples must be images using the same excitation
wavelength combination and excitation power.
doi:10.1371/journal.pone.0158495.g002
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where the column vector with elements y1. . .m is once again the observed spectrum at a pixel or
segmented object in the spectral image, F is the matrix of known fluorophore reference spectra,
the vectors fi,1. . .m and fj,1. . .m are two fluorophore spectra from the entire repertoire in F, and xi
and xj are the abundances of each of the fluorophores i and j, present in the object. Together, xi
and xj make a 2 by 1 column vector, as x in Eq 2 is an n by 1 vector with n being the total num-
ber of fluorophores used in the experiment. The vector with elements b1. . .m represents back-
ground signal in the image. To determine background, a region of interest (ROI) is identified
in the image where no cells are present, then, the measured spectrum in all the pixels in the
ROI is averaged. Background is assumed to consist mostly of stray light and is further assumed
to be the same for all objects in the image. Other sources of noise, e.g., detector noise and pho-
ton shot noise, are expected to be different at each pixel and are not treated as a constant term,
but contribute to the residuals calculated as the difference between the observed result and the
theoretical best fit solution.
In Eq 3, xi and xj are solved-for independently by linear regression for each unique subset,
{i,j} of fluorophores in the repertoire. For example, if there are 16 fluorophores and 120 poten-
tial label-types in an image, then Eq 3 is solved, in series, 120 times, each time with a unique
pair of fi and fj reference spectra from the pool of 16 spectra in F. Thus, each object in the
image will have 120 solutions, each solution consisting of a pair of fluorophore abundance val-
ues and a sum of squared residuals, together representing one of 120 best fits to the recorded
spectrum in that object. In the final algorithm step, the pair of fluorophores that produced the
smallest sum of squared residuals (Fig 3) is picked for representing the object.
Results
We evaluated the utility of concatenating spectral images acquired at different excitation wave-
lengths by using multiple populations of E. coli as test objects. 16 aliquots of E. coli were labeled
in a fluorescence in situ hybridization (FISH) experiment with different versions of the same
oligonucleotide probe, the EUB-338 probe [16], each version conjugated to a different fluoro-
phore. The labeled cells were then combined into a mixture at equal concentration and imaged.
Images of the mixture of 16 differently labeled E. coli were acquired so that at each excitation
wavelength, some pixels in at least one spectral image channel were close to saturation, such
that the full dynamic range of the detector was utilized. Once the optimal image acquisition set-
tings were determined empirically for the mixture, spectral images of pure populations of each
of the 16 differently labeled E. coli were acquired for determining reference spectra, the compo-
nents of F in Eq 2. Presented in Fig 4A is a color merge image in which each of the fluorophore
channels was pseudo-colored one of sixteen different colors. After image segmentation and
quantitative analysis, all sixteen differently labeled E. coli were identified in the image and in
approximately equal proportion as expected (Fig 4B). The mean number of cells labeled with
each fluorophore was 243 cells and all sixteen populations were within one standard deviation
(63 cells) of the mean except the BODIPY-FL population.
We tested the efficacy of our combinatorial constraint with a computer model. InMathema-
tica, we generated sets of particle spectra, each set modeled as a binary combination of Alexa
Fluor 488 and BODIPY-FL with different signal-to-noise ratios. To specifically test the effect of
the binary constraint, independent of spectral concatenation, we modeled the data as if it had
been acquired with a single excitation at 488 nm collected in a total of 16 channels, each chan-
nel corresponded to an emission bandwidth of 10 nm. The spectra were modeled with Poisson
distributed shot noise and were unmixed against four possible fluorophores as shown in Fig
5A. Model spectra were unmixed either with or without the binary constraint. Results for a 1:1
mixture of Alexa Fluor 488 and BODIPY-FL are presented in Fig 5B; similar results were
Multiplexed Spectral Imaging of 120 Different Fluorescent Labels
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Fig 3. Graphic representation of the binary label constraint on the unmixing solution. In this in-silico
experiment, we depict an observed emission spectrum of an object labeled with AlexaFluor 488 and
AlexaFluor 555 (solid line). Dotted lines represent possible binary combinations of reference spectra. While
the graphic only shows 4 different binary combinations, the algorithm solves the unmixing operation for 120
combinations, each time finding the best fit of the binary spectrum to the observed spectrum. Once all 120
solutions are found, the solution with the overall lowest sum of squared residuals is identified and that
combination is chosen as the best solution.
doi:10.1371/journal.pone.0158495.g003
Multiplexed Spectral Imaging of 120 Different Fluorescent Labels
PLOS ONE | DOI:10.1371/journal.pone.0158495 July 8, 2016 9 / 17
Fig 4. Mixture of 16 differently labeled populations of E. coli A. Image of the E. colimixture after standard linear
unmixing using an algorithm that concatenates spectral data frommultiple spectral images of a single field of view.
Bar = 20 μm. Present in the center of the image is an abnormally long E. coli cell, which are sometimes present in
our laboratory culture.B. Quantification of the 16 different label-types. Equal volumes of each label type were
combined to create the mixture. All label-types are present in the image at approximately equal concentration as
expected. Bars represent mean values from three fields of view of the samemixture and error bars represent
standard deviation.
doi:10.1371/journal.pone.0158495.g004
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Fig 5. Computer model to test binary label constraint. A. Normalized emission spectra of four
fluorophores that are well excited by 488 nm laser light. B. Computer model data. Model particle spectra were
created inMathematica as a binary combination of Alexa Fluor 488 and BODIPY-FL, then unmixed against
the spectra of all four fluorophores plotted in A. Results of the unmixing are plotted as the percent of particles
that were correctly identified in their binary label composition as a function of signal-to-noise ratio in the
modeled spectra either by standard unmixing or with a binary label constraint.
doi:10.1371/journal.pone.0158495.g005
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obtained for other combinations of fluorophores with overlapping emission spectra. The con-
strained and unconstrained algorithms were evaluated by asking what percent of modeled par-
ticle spectra were correctly identified in their binary fluorophore combinations. At all signal-
to-noise ratios tested, and especially at low signal-to-noise ratios, the binary constrained algo-
rithm outperformed the unconstrained algorithm.
Biological proof of principle
We next sought to establish that microbes labeled with 120 different binary combinations of 16
fluorophores with highly overlapping emission spectra could be distinguished in spectrally
acquired microscope images after application of our binary constrained unmixing algorithm.
E. coli were again used as test objects. Sixteen versions of the EUB338 FISH probe were used to
label separate aliquots of E. coli cells such that 120 populations of microbes were created, each
population labeled with a unique binary combination of probes, referred to as a label type.
After FISH, the separately labeled E. coli populations were combined to create a mixture of the
120 different label types in such a way that each of the label types would be present in the mix-
ture at different concentrations, ranging linearly from 0.12% to 1.5% of the total.
Specimens were imaged with a laser scanning confocal microscope equipped with a spectral
detector. Separate spectral image acquisitions were made of each field of view of labeled E. coli,
with each image acquired using a different laser line available on the microscope system for
fluorophore excitation. The spectral images for each field of view were concatenated into a sin-
gle spectral image data set as described previously.
Spectral images were segmented into particles as described in Methods. Concatenated, seg-
mented images were then fed into our combinatorially-constrained algorithm for unmixing.
The output from the unmixing operation is a single binary image in which particles represent
microbial cells in the specimen (Fig 6). Each feature is pseudo-colored in one of 120 different
colors according to its label type. Finally, we compared input into the mixture with output
from the unmixed image data and found that the Pearson’s correlation coefficient between the
two measures was 0.91. Input for each label-type was the volume of cell suspension added to
make the mixture. All label-types were prepared such that an equal number of cells was
pipetted into each tube. However, after multiple rounds of pelleting and washing some pipett-
ing error is expected.
Error Analysis
Our unmixing algorithm finds the overall best-fit solution to the fluorophore identity and
abundance problem. However, the best-fit solution may incorrectly identify one or both fluoro-
phores, especially when intensities recorded for a given particle have low signal to noise ratios.
As a measure of confidence in the assigned particle identity, we calculate the Pearson's correla-
tion coefficient for each segmented particle (Fig 6A) between the observed spectrum for that
particle and the computed spectrum for the best binary fit.
To test the accuracy of the binary label assignment, we prepared an artificial mixture of
binary-labeled microbes that contained only a subset of the 120 label types, namely all 15
binary label types that included BODIPY Fl, in equal proportion. We spotted the mixtures on a
slide, and imaged the mixture using the same image acquisition settings as for the mixtures of
all 120 binary labeled microbes. We then unmixed the images using the binary constrained
unmixing algorithm that allowed all 120 possible label types to be present (Fig 7A and 7C).
We counted the number of each of the label types that should be present in the image, i.e.,
the 15 binary label types that contained BODIPY Fl as one of the labels (Fig 7B and 7C). We
further counted the number of impossible label types, i.e, the 105 binary labels that did not
Multiplexed Spectral Imaging of 120 Different Fluorescent Labels
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Fig 6. Proof-of-principle experiment with 120 differently labeled E. coli A. Unmixed spectral image of an artificial mixture of 120 differently labeled E.
coli, each of the 120 label types being a binary combination of two fluorophores from the repertoire of 16 in Fig 1. Cells were segmented from background in
raw spectral images, intensity measurements were averaged over all pixels within each cell, then the averaged object spectra were unmixed using the
binary-constrained algorithm described in the text. Each binary label-type is represented as a unique color. The image was acquired with a low
magnification, high numerical aperture objective lens (20 X/0.8 NA). Bar = 100 μm. Inset shows a magnified region of interest from the unmixed image and a
graphical representation of confidence in label assignment of each particle in the image. Confidence level is reported as the Pearson’s correlation coefficient
between observed spectrum and computed model spectrum from the best-fit unmixing solution. Bar = 25 μm. B. Output from unmixed images, measured as
the percent of each label-type of cell detected in the mixture is plotted against input into the mixture, measured as percent volume of each label-type added
to make the mixture. Dashed, red line indicates the expected Input-to-Output relationship, (slope = 1). Error bars represent standard deviation in the percent
output values from 8 different fields of view of the same artificial mixture.
doi:10.1371/journal.pone.0158495.g006
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Fig 7. Test of accuracy of binary label identification. A. Unmixed spectral image of an artificial mixture of 15 differently labeled E.
coli, each of the 15 label types being a binary combination of BODIPY-Fl with one of the other fluorophores from the repertoire of 16 in
Fig 1. Cells were segmented from background in raw spectral images, intensity measurements were averaged over all pixels within
each cell, then the averaged object spectra were unmixed using the binary-constrained algorithm described in the text, such that all
120 binary label types were possible solutions. Each of the 15 binary label-types known to be present in the sample is represented as
Multiplexed Spectral Imaging of 120 Different Fluorescent Labels
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contain BODIPY Fl and were known to not be in the mixture. We found that of the 5313 cells
in the image, 97.9% were identified as a label type containing BODIPY Fl and 2.1% were identi-
fied as an impossible label type (Table 1). We further prepared similar mixtures containing all
the binary label types containing either Alexa fluor 546, tetramethyl rhodamine or Alexa fluor
647 and found that the fraction of impossible label types identified in each mixture was accept-
ably low,—2.7%, 0.3% and 0.1% respectively (Table 1).
Discussion
We have developed a spectral imaging analysis pipeline to distinguish 120 differently labeled
microbes in a single acquired image. Our algorithm uses a priori knowledge about images of
combinatorially labeled specimens and includes the following three features: 1. Concatenation
of spectral images acquired in series with multiple wavelength excitation; 2. averaging of spectral
intensities over all the pixels within segmented particles before unmixing; and 3. constraining
the unmixing solution to the best fit of exactly two fluorophores for every particle in the image.
Some of the features of our algorithm should be widely applicable to many applications of bio-
logical fluorescence imaging i.e., concatenation and particle averaging, while the binary unmix-
ing constraint is particularly suited to combinatorial labeling of microbes as presented here.
Sequential excitation with 6 different wavelengths and subsequent concatenation of spectra
allowed us to use information about both the excitation an demission spectra of fluorophores
for their identification. Still, because a linear unmixing operation is solved as a system of linear
equations using the method of least squares, the number of observations (spectral channels)
must be equal to or greater than the number of unknowns (fluorophores) used. Here we have
demonstrated that by adding steps to the unmixing algorithm that exploit a priori knowledge
about the specimen, i.e. that each microbe is labeled with exactly two fluorophores, we can dis-
tinguish more label combinations than we have spectral channels. In practice, exciting a sample
at multiple wavelengths in series increases the overall time needed to acquire an image. For
example, a single excitation wavelength image (1024 pixels squared) is typically acquired in
~6.7 s with a pixel dwell time of 6.4 μs. With six separate excitations, the total time to acquire
the image is 40s. Although practical for fixed samples, this is incompatible with live-cell imag-
ing. Nonetheless, single excitation spectral imaging can be used for dynamic samples with the
following caveat: as the number of separate excitation wavelengths is decreased, so is the ability
to distinguish multiple fluorophores.
a unique color, all 105 label types known not to be present in the mixture are colored gray. Circles denote all of the gray cells in the
image. The image was acquired with a low magnification, high numerical aperture objective lens (20 X/0.8 NA). Bar = 100 μm. B.
Quantification of label types. The number of cells of each of the 120 possible label types in the image in A were counted. Colored bars
represent label types known to be present in the sample, gray bars represent label types known not to be present in the sample.C.
Legend for (A) and (B). BOFl = BODIPY Fl, AF488 = Alexa Flour 488, OG514 = Oregon Green 514, AF546 = Alexa fluor 546,
RRX = Rhodamine Red-X, AF594 = Alexa fluor 594, AF555 = Alexa fluor 555, AF647 = Alexa fluor 647, AF633 = Alexa fluor 633,
AF680 = Alexa fluor 680, AF700 = Alexa flor 700, TET = Tetramethyl rhodamine, AF405 = Alexa fluor 405, PacOr = Pacific Orange,
PacBl = Pacific Blue, 7HC = 7-Hydroxy coumarin.
doi:10.1371/journal.pone.0158495.g007
Table 1. Accuracy test of binary label identification.
Binary label repertoire Total number of cells in image Percent possible label types Percent impossible label types
BODIPY- Fl 5313 97.9% 2.1%
Alexa ﬂuor 546 5129 97.3% 2.7%
Tetramethyl rhodamine 2978 99.7% 0.3%
Alexa ﬂuor 647 3134 99.9% 0.1%
doi:10.1371/journal.pone.0158495.t001
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Implicit in our novel algorithm is the assumption that each segmented feature in the
recorded image represents a single combinatorially labeled object in the image. This assump-
tion is valid for well-dispersed cells as in Fig 6, but may not hold when two objects are very
close to each other, especially in the axial dimension, and are then segmented together during
image processing as one feature. When objects are expected to overlap in the recorded image,
specimens may be labeled with single fluorophores, rather than combinations. An unmixing
algorithm that retains the concatenation of images recorded with multiple excitation wave-
lengths but that disposes of the combinatorial constraint could then be used. We have demon-
strated an ability to label and identify 16 different kinds of microbial cells in a single specimen
with this type of approach. We expect future improvements in segmentation algorithms, espe-
cially segmentation in the axial dimension, to extend the utility of the combinatorially con-
strained algorithm.
We have demonstrated an extraordinary ability to distinguish fluorophores with highly
overlapping emission spectra by combining both excitation and emission spectral data in a sin-
gle linear unmixing algorithm. In order to maximize the percentage of correctly identified
objects, reference spectra must accurately represent the fluorophore spectra in the acquired
image. To ensure representative reference spectra, they should be acquired from pure popula-
tions of similar, singly labeled objects, and with exactly the same instrument settings, e.g., laser
power, detector gain, exposure time, as used for acquiring the specimen image. Furthermore,
fluorophore bleaching, which can impart artifacts in the excitation / emission profile of a fluor-
ophore must be kept to a minimum. To minimize bleaching, images need to be acquired with
the longest wavelength excitation first, followed by the second longest and so on, down to
shortest wavelength. Additionally, reference spectra recorded with pure populations need also
be recorded with the same sequence, from longest to shortest excitation wavelength, as used for
the biological specimens of interest. This will minimize the effect of bleaching artifacts because
both the reference spectra and the unknown samples bleach with similar dynamics. In the
future, our excitation emission concatenation protocol could be improved with appropriate
mathematical corrections for fluorophore bleaching.
In summary, the ability to label and distinguish tens to hundreds of objects in a single fluo-
rescence image as presented here will offer new avenues for discovery and study of complex
biological organization. With the concurrent development of appropriate imaging informatics
analysis procedures this new ability could allow the systems-level analysis of many complex
biological structures from microbial biofilms to eukaryotic cells and tissues.
Author Contributions
Conceived and designed the experiments: AMV GGB. Performed the experiments: AMV. Ana-
lyzed the data: AMV RO GGB. Wrote the paper: AMV RO GGB.
References
1. Kanchanawong P, Shtengel G, Pasapera AM, Ramko EB, Davidson MW, Hess HF, et al. Nanoscale
architecture of integrin-based cell adhesions. Nature. 2010; 468: 580–584. doi: 10.1038/nature09621
PMID: 21107430
2. Kolenbrander PE, Palmer RJ, Periasamy S, Jakubovics NS. Oral multispecies biofilm development
and the key role of cell-cell distance. Nat Rev Microbiol. 2010; 8: 471–480. doi: 10.1038/nrmicro2381
PMID: 20514044
3. Tsuriel S, Gudes S, Draft RW, Binshtok AM, Lichtman JW. Multispectral labeling technique to map
many neighboring axonal projections in the same tissue. Nat Methods. 2015; 12: 547–552. doi: 10.
1038/nmeth.3367 PMID: 25915122
4. Faust K, Raes J. Microbial interactions: from networks to models. Nat Rev Microbiol. 2012; 10: 538–
550. doi: 10.1038/nrmicro2832 PMID: 22796884
Multiplexed Spectral Imaging of 120 Different Fluorescent Labels
PLOS ONE | DOI:10.1371/journal.pone.0158495 July 8, 2016 16 / 17
5. Livet J, Weissman TA, Kang H, Draft RW, Lu J, Bennis RA, et al. Transgenic strategies for combinato-
rial expression of fluorescent proteins in the nervous system. Nature. 2007; 450: 56–62. doi: 10.1038/
nature06293 PMID: 17972876
6. Collman F, Buchanan J, Phend KD, Micheva KD, Weinberg RJ, Smith SJ. Mapping synapses by conju-
gate light-electron array tomography. J Neurosci Off J Soc Neurosci. 2015; 35: 5792–5807. doi: 10.
1523/JNEUROSCI.4274-14.2015
7. Wan X, O’Quinn RP, Pierce HL, Joglekar AP, Gall WE, DeLuca JG, et al. Protein architecture of the
human kinetochore microtubule attachment site. Cell. 2009; 137: 672–684. doi: 10.1016/j.cell.2009.03.
035 PMID: 19450515
8. Lubeck E, Cai L. Single-cell systems biology by super-resolution imaging and combinatorial labeling.
Nat Methods. 2012; 9: 743–748. doi: 10.1038/nmeth.2069 PMID: 22660740
9. Giepmans BNG, Adams SR, Ellisman MH, Tsien RY. The fluorescent toolbox for assessing protein
location and function. Science. 2006; 312: 217–224. doi: 10.1126/science.1124618 PMID: 16614209
10. Subach FV, Piatkevich KD, Verkhusha VV. Directed molecular evolution to design advanced red fluo-
rescent proteins. Nat Methods. 2011; 8: 1019–1026. doi: 10.1038/nmeth.1776 PMID: 22127219
11. Waters JC. Accuracy and precision in quantitative fluorescence microscopy. J Cell Biol. 2009; 185:
1135–1148. doi: 10.1083/jcb.200903097 PMID: 19564400
12. Mansfield JR, Hoyt C, Levenson RM. Visualization of microscopy-based spectral imaging data from
multi-label tissue sections. Curr Protoc Mol Biol Ed Frederick M Ausubel Al. 2008;Chapter 14: : Unit
14.19. doi: 10.1002/0471142727.mb1419s84
13. Zimmermann T, Marrison J, Hogg K, O’Toole P. Clearing up the signal: spectral imaging and linear
unmixing in fluorescence microscopy. Methods Mol Biol Clifton NJ. 2014; 1075: 129–148. doi: 10.1007/
978-1-60761-847-8_5
14. Garini Y, Young IT, McNamara G. Spectral imaging: Principles and applications. Cytometry A. 2006;
69A: 735–747. doi: 10.1002/cyto.a.20311
15. Valm AM, Mark Welch JL, Rieken CW, Hasegawa Y, Sogin ML, Oldenbourg R, et al. Systems-level
analysis of microbial community organization through combinatorial labeling and spectral imaging.
Proc Natl Acad Sci U S A. 2011; 108: 4152–4157. doi: 10.1073/pnas.1101134108 PMID: 21325608
16. Amann RI, Binder BJ, Olson RJ, Chisholm SW, Devereux R, Stahl DA. Combination of 16S rRNA-tar-
geted oligonucleotide probes with flow cytometry for analyzing mixed microbial populations. Appl Envi-
ron Microbiol. 1990; 56: 1919–1925. PMID: 2200342
17. Neher R, Neher E. Optimizing imaging parameters for the separation of multiple labels in a fluores-
cence image. J Microsc. 2004; 213: 46–62. doi: 10.1111/j.1365-2818.2004.01262.x PMID: 14678512
Multiplexed Spectral Imaging of 120 Different Fluorescent Labels
PLOS ONE | DOI:10.1371/journal.pone.0158495 July 8, 2016 17 / 17
